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Abstract: Engineers have long used Matlab to design and verify perception systems for autonomous vehicles. One
of the primary challenges in this domain is handling large volumes of heterogeneous sensor data, which requires effective
tools for visualisation and interpretation. This work highlights the role of Application Programming Interfaces (APls)
that enable engineers to plot, analyse, and understand diverse datasets collected from autonomous driving environments.
A second key aspect is object detection in images, supported by computer vision toolboxes and accelerated through
automated ground-truth labelling workflows. Such labeled data is essential for developing new object detectors and
validating existing ones. A further challenge arises from combining detections from multiple sensors, where
discrepancies between vision-based and radar-based detections must be resolved through tracking and sensor fusion.
Matlab provides multi-object tracking capabilities and synthetic detection generation, enabling comprehensive testing
and verification of perception algorithms. Overall, the tools discussed support a streamlined workflow for designing,
evaluating, and improving autonomous vehicle perception systems.
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1. INTRODUCTION

Perception systems represent a fundamental component of autonomous vehicle technology, enabling vehicles to
interpret their surroundings and make informed driving decisions. These systems rely on a diverse set of sensors —
such as cameras, radar, lidar, and inertial measurement units — to capture complementary information about the
environment. The complexity and heterogeneity of the collected data require robust tools for visualisation, analysis,
and algorithm development. Matlab has emerged as a widely adopted platform for this purpose, offering integrated
toolboxes that support data exploration, object detection, ground-truth labelling, multi-sensor fusion, and multi-object
tracking [1-5].

Developing reliable perception algorithms involves several key challenges. Engineers must first understand and
interpret large volumes of raw sensor data, which often come in different formats and coordinate systems. They must
also design and validate object detection models capable of identifying vehicles, pedestrians, lanes, and other relevant
features. Furthermore, autonomous systems must reconcile conflicting or incomplete detections from multiple sensors,
requiring advanced fusion and tracking techniques to produce accurate and stable estimates of the environment.

This paper examines how Matlab’s perception-related tools support these tasks, with particular emphasis on data
visualisation, object detection workflows, ground-truth labelling, and multi-sensor fusion. The following section
provides an overview of vehicle sensor data and demonstrates how visualisation APIs can be used to interpret and
analyze logged data from automated driving applications.

2. VISUALISING IN IMAGE AND VEHICLE COORDINATES

Effective visualisation is a key component in understanding how perception systems interpret sensor data in
automated driving applications. Matlab provides a set of tools that allow engineers to inspect detections both in image
coordinates — directly on the video frame — and in vehicle-centric ground-plane coordinates. Combining these two
perspectives enables a comprehensive understanding of
how sensors perceive the environment and how detection
algorithms operate [6-20].

4>

Visualize in image coordinates

2.1  Visualising in Image Coordinates video.Curzentine -

The visualisation process typically begins by frane - video. readPrame;
selecting a specific timestamp in the recorded dataset and
extracting the corresponding video frame. Using classic " eosicion, 10,02 0 0.55 11):
image-processing functions such as imshow, the frame is

imshow (frame,

displayed in image coordinates, forming a basis for Plot in image coordinates using
. .. . . . “classic” video and image functions like
overlaying additional sensor information. This approach inshow
allows engineers to directly compare raw camera imagery '
with the outputs of perception algorithms. Figure 1 Visualisation of a video frame in image coordinates
As shown in Figure 1, Matlab enables the extraction using standard Matlab image-processing functions.
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and display of individual video frames, which serve as the foundation for further visualisation of detections and sensor
outputs [20-25].

2.2 Visualising Detections in Vehicle Coordinates

After visualising the scene in image coordinates, the
next step is to examine detections in vehicle-centric
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be plotted using the detectionPlotter. This tool supports
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represented by a marker, the label indicates the detected Figure 2 Visualisation of object detections in vehicle coordinates

object class, and the velocity vector illustrates relative using the Matlab detectionPlotter API.

motion between the ego vehicle and the detected object.

This process is illustrated in Figure 2, which shows how detections from a vision-based detector are plotted in
vehicle coordinates. The same API can be used for radar and lidar detections, enabling consistent visualisation across
different sensor modalities [26-33].

3. DETECTING OBJECTS IN IMAGES

Object detection represents one of the core capabilities of perception systems in automated driving applications.
The goal of an object detector is to identify relevant objects within an image — such as vehicles, pedestrians, cyclists,
or traffic signs — and to return both their classification labels and corresponding bounding boxes. This process is
illustrated in Figure 3, which shows the relationship between training data, ground-truth annotations, and the resulting
detector.

Developing an object detector requires reversing the
typical perception workflow. Instead of starting with a Train object detectors based on ground truth
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machine learning or deep learning—based detection
models.

To construct a high-quality training dataset,
engineers must annotate each image with precise object
locations and classes. In automated driving applications,  Figure 3 Training object detectors based on ground-truth annotations.
these images are rarely isolated; they typically originate
from video sequences. This means that consecutive frames are temporally related, and annotation tools must support
efficient labelling across sequences rather than individual static images. Matlab provides a ground-truth labelling app
designed specifically for this purpose, enabling users to label objects across video frames and significantly accelerate
the annotation process.

Once images and ground-truth annotations are prepared, Matlab’s Computer Vision Toolbox and Deep Learning
Toolbox offer a unified interface for training a variety of object detectors. These include classical machine learning
approaches as well as modern deep learning architectures, which have become increasingly prevalent in automated
driving systems. Because all training functions share a consistent interface, engineers can easily experiment with
different detector types and compare their performance using the same dataset.

Ground-truth data is not only essential for training new detectors but also plays a critical role in evaluating
existing ones. By comparing detector outputs with ground-truth annotations, engineers can measure accuracy, assess
failure cases, and refine detection algorithms. This dual role — supporting both training and evaluation — makes
ground-truth labelling a central component of the perception development workflow.

4. FUSING MULTIPLE VEHICLE DETECTIONS

In automated driving applications, it is common for multiple detection algorithms — often based on different
sensor modalities — to return slightly different estimates of an object’s position. Engineers must therefore reconcile
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these discrepancies to obtain a more accurate and stable understanding of the environment. This is achieved through
sensor fusion and multi-object tracking techniques.

Consider a scenario in which a vision-based object detector estimates the position of a nearby vehicle. At the
same time, a radar sensor on the same ego vehicle produces its own detection, placing the object in a slightly different
location. The goal of fusion is to combine these independent measurements to produce a single, improved estimate of
the object’s true position.

To accomplish this, detections from different
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position than either sensor alone. When the fused tracks .

are overlaid on lidar data, the improvement becomes even
more apparent: the fused estimate aligns more closely  Figure 4 Results of a multi-object tFacker combining radar and vision
with the true object location. detections.

Fusion and tracking are not only useful for perception — they also enable downstream algorithms. In this example,
the output of the multi-object tracker is used to support a forward collision warning system. Matlab’s implementation
of this algorithm supports C code generation, allowing engineers to transition from simulation to prototyping in
embedded applications.

While the previous example relied on real sensor data collected from a vehicle, there are situations where
engineers need to design or test fusion algorithms without access to real-world data. For such cases, Matlab supports
scenario-based simulation, where an ego vehicle (typically shown as a blue car) is equipped with simulated vision
and radar sensors. Other vehicles — such as the orange vehicle in the example — can be scripted to move through
different sensor coverage areas, generating synthetic detections for testing fusion logic.

As illustrated in Figure 5, the orange vehicle is N0t  E—————————————
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characteristics. Its outputs include estimated object states, . 0 ¥

state covariances, and track identifiers. Conceptually, the o o 0

tracker consists of two main components:

1. Tracking Filter — predicts and updates the  Figure 5 Fusion of multiple sensors prlovides consistent tracking of a
state of each track. It may be configured as a passing vehicle.
linear, extended, or unscented Kalman filter.

2. Track Manager — assigns detections to tracks. It determines whether a detection corresponds to an existing
track, should initialize a new track, or whether an existing track should be terminated due to missing
detections.

To simplify tracker configuration, Matlab provides several initialisation functions, including constant-velocity,
constant-acceleration, and constant-turn models. When instantiating the multi-object tracker, engineers specify the
desired initialisation function (e.g., initcaekf for an extended Kalman filter with a constant-acceleration model) along
with parameters for the Track Manager.

In fusion scenarios, detections from different sensors — such as radar and vision — must be mapped into a common
measurement format before being passed to the tracker. This typically involves converting sensor-specific outputs
(e.g., position, velocity, time) into a unified measurement vector that the tracker can process. Once this mapping is
complete, the multi-object tracker can seamlessly fuse detections from multiple sources, producing robust and
consistent object tracks.

5. CONCLUSIONS

Autonomous vehicle perception systems rely on the integration of sensor data processing, object detection,
ground-truth generation, and multi-sensor fusion. Matlab provides a comprehensive ecosystem that supports each
stage of this workflow, enabling engineers to design, visualise, and validate perception algorithms efficiently. Through
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tools for image-based and vehicle-centric visualisation, developers gain insight into how different sensors interpret
the driving environment. Ground-truth labelling applications streamline the creation of annotated datasets, which are
essential for training and evaluating machine-learning and deep-learning-based object detectors. Multi-object tracking
and sensor fusion techniques further enhance perception robustness by reconciling discrepancies between
heterogeneous sensor outputs and producing stable, accurate object trajectories.

The examples presented in this work demonstrate how Matlab’s integrated toolboxes facilitate both data-driven
development and scenario-based simulation, supporting rapid prototyping and deployment. By combining
visualisation, detection, labelling, fusion, and tracking capabilities within a unified framework, Matlab enables a
streamlined and scalable approach to designing and verifying autonomous vehicle perception systems. As automated
driving technologies continue to evolve, such tools will remain essential for ensuring reliability, safety, and
performance in increasingly complex environments.
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